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SUMMARY
Set2-mediated histone methylation at H3K36 regulates diverse activities including DNA repair, 
mRNA splicing and suppression of inappropriate (cryptic) transcription. Although failure of Set2 
to suppress cryptic transcription has been linked to decreased life span, the extent to which cryptic 
transcription influences other cellular functions is poorly understood. Here, we uncover a role for 
H3K36 methylation in the regulation of the nutrient stress response pathway. We found the 
transcriptional response to nutrient stress was dysregulated in SET2-deleted (set2Δ) cells and was 
correlated with genome-wide bi-directional cryptic transcription that originated from within gene 
bodies. Antisense transcripts arising from these cryptic events extended into the promoters of the 
genes from which they arose and were associated with decreased sense transcription under nutrient 
stress conditions. These results suggest that Set2-enforced transcriptional fidelity is critical to the 
proper regulation of inducible and highly regulated transcription programs.
IN BRIEF
McDaniel et al. find that Set2-mediated H3K36 methylation is necessary for proper TOR signaling 
and the nutrient stress response. Cells lacking Set2 display a disrupted transcriptional response to 
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nutrient stress that is correlated with increased intragenic bi-directional transcription within genes 
that interferes with proper transcription.
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Stress
INTRODUCTION
A vast array of post-translational modifications occur on histones and provide distinct 
binding sites for a wide variety of effector proteins to interact with the genome and direct 
essential DNA-based functions such as gene expression (Rothbart and Strahl, 2014; Strahl 
and Allis, 2000). Set2 is a highly conserved histone methyltransferase that methylates 
histone H3 at lysine 36 (H3K36) (McDaniel and Strahl, 2017; Strahl et al., 2002; Venkatesh 
and Workman, 2015). In contrast to higher eukaryotes, Set2 is the sole H3K36 
methyltransferase in Saccharomyces cerevisiae, and is responsible for modifying H3K36 
with up to three methyl groups, creating mono-, di-, and tri-methylated H3K36. 
Significantly, evidence from yeast and human cells suggest that each H3K36 methyl state 
recruits distinct effector proteins (Carrozza et al., 2005; Gilbert et al., 2014; Keogh et al., 
2005; McDaniel and Strahl, 2017; Smolle et al., 2012; Vermeulen et al., 2010), thereby 
increasing the signaling capacity of this highly conserved histone residue.
Major functions of H3K36me in yeast are to repress bi-directional transcription at promoters 
and to suppress the aberrant localization of RNA polymerase II (RNAPII) in gene bodies, as 
the failure of either function causes production of “cryptic” transcripts (Carrozza et al., 
2005; Churchman and Weissman, 2011; Keogh et al., 2005; Xu et al., 2009). In large part, 
H3K36me accomplishes these activities by recruiting the ISW1b chromatin-remodeling 
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complex, via binding of the PWWP domain of Ioc4 to H3K36me3 (Maltby et al., 2012; 
Smolle et al., 2012), and recruiting the Rpd3S histone deacetylase complex, via binding of 
the chromodomain of Eaf3 to H3K36me2/3 (Carrozza et al., 2005; Joshi and Struhl, 2005; 
Keogh et al., 2005). Together, these complexes remodel chromatin structure in the wake of 
elongating RNAPII, thereby preventing RNAPII from aberrantly binding to intragenic 
regions that can function as sites of transcription initiation.
Recent evidence shows that antisense transcripts that arise from wild-type (WT) cells can 
create transcriptional interference and decrease normal transcript levels from the canonical 
5′ gene promoter, particularly if the antisense transcripts overlap with the native promoter 
for that gene (Huber et al., 2016). Despite the potential for such deleterious effects, it is 
surprising that a loss of Set2, which leads to the increased production of cryptic transcripts 
across the genome, does not result in more severe growth defects or changes to the 
transcriptome (Lenstra et al., 2011); note, however, that the narrow alteration to the 
transcriptome in SET2 delete (set2Δ) cells was identified only in asynchronously growing 
cells and not by RNA-seq. Regardless, it is clear that cryptic transcripts impact cellular 
physiology, as the loss of Set2 or H3K36me leads to loss of transcriptional fidelity, defective 
dynamics of mRNA/ncRNA transcription and decreased lifespan in yeast and worms (Kim 
et al., 2016; Sen et al., 2015).
In this report, we examine the importance of preventing cryptic transcription by Set2. Given 
the mild phenotypes found in set2Δ cells, we surmised that the importance of maintaining 
transcriptional fidelity by Set2 would be more apparent following activation of an inducible 
and highly-tuned transcription program, such as the nutrient response system. Indeed, we 
found that set2Δ cells were sensitive to inhibitors of Tor1, Tor2 and MAP kinases (Heitman 
et al., 1991; Reinke et al., 2006). Consistent with a role in nutrient response, we 
demonstrated that set2Δ cells show synthetic genetic interactions with the TOR1, TOR2, 
flocculation, and protein kinase C (PKC) MAP kinase genetic pathways. Critically, TORC1 
and PKC signaling were also disrupted in set2Δ cells. Finally, in the absence of Set2 and 
H3K36me, we determined that the transcriptional response to nutrient stress was 
significantly altered, and we used a genome-wide stranded RNA-seq analysis to characterize 
the cryptic transcription profile of set2Δ cells. Surprisingly, we found a widespread and 
time-dependent increase in bi-directional cryptic transcription within the bodies of genes. 
The antisense transcripts arising from these new promoters traversed the promoters from 
which sense transcripts arise, and antisense transcripts correlated with decreased 
transcription from those promoters, implying transcriptional interference. Collectively, our 
work reveals that Set2 maintains transcriptional fidelity during the execution of precise and 
rapidly changing transcriptional programs.
RESULTS
Cells Lacking Set2 or H3K36 Methylation are Sensitive to Caffeine and Rapamycin
H3K36 methylation plays a critical role in suppressing cryptic transcription. Yet in 
asynchronously growing cells, the deletion of SET2 results in surprisingly few growth 
defects and changes to the overall transcriptome (Lenstra et al., 2011). Thus, we reasoned 
that Set2-enforced transcriptional fidelity might be more important to the regulation of rapid 
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and highly tuned transcription programs such as that of the nutrient stress response pathway. 
To test this hypothesis, we exposed set2Δ cells to caffeine (which inhibits Tor1, Tor2 and 
MAP kinases) and rapamycin (a potent and specific inhibitor of the Tor1 complex 
(TORC1)). As shown in Figure 1A, set2Δ cells from three distinct genetic backgrounds 
showed a slow growth phenotype in the presence of caffeine and rapamycin, indicating that 
the stress response pathway was disrupted in the absence of Set2.
Although non-histone substrates for yeast Set2 have not been reported, it was formally 
possible that the growth defects we observed in the set2Δ cells on caffeine and rapamycin 
were due to lack of modification of non-histone targets of Set2. To examine this possibility, 
we employed histone mutant strains in which H3K36 was mutated to alanine or arginine 
(H3K36A and H3K36R), thereby creating non-methylatable forms of H3. As shown in 
Figure 1B, the H3K36A and H3K36R mutant strains showed a slow growth phenotype when 
plated on caffeine and rapamycin, similar to the phenotype observed for set2Δ. Thus, Set2-
mediated H3K36 methylation, not methylation of a nonhistone substrate, is necessary for 
yeast cells to respond properly to nutrient stress.
H3K36me3, but not H3K36me2, is Dispensable for the Nutrient Stress Response
We next assessed which methyl states of H3K36 were necessary for cells to respond 
properly to nutrient stress. We employed a variety of Set2 point mutants and truncations/
deletions that either affect the association of Set2 with RNAPII (set2-1-618), the ability of 
Set2 to interact with the nucleosome (set2-Δ31-39) or that impact its catalytic function (set2-
R195C and set2-H199L) – all of which result in limiting degrees of H3K36 methylation in 
vivo (Figure 1D). We confirmed that the phenotypes of set2Δ cells were specific to a loss of 
SET2, as a WT SET2 expression construct was able to rescue the set2Δ growth defect on 
caffeine and rapamycin (Figure 1C). Interestingly, mutants that lacked H3K36me3, but not 
H3K36me1 or H3K36me2, rescued the phenotype (set2-Δ31-39 and set2-R195C). In 
contrast, the catalytically-dead SET2 mutant (set2-H199L) (Sorenson et al., 2016) and a 
construct with a truncation of the RNAPII interaction domain (set2-1-618) (Kizer et al., 
2005) failed to rescue the phenotype of set2Δ cells. These results highlight an important role 
for H3K36me1/me2, but not H3K36me3, in mediating proper nutrient response.
Multiple H3K36me Effector Complexes are Necessary to Properly Respond to Nutrient 
Stress
Given that H3K36 methylation is critical for responding to caffeine and rapamycin stress, 
we next asked which of the known H3K36me-specifc effector proteins are required for the 
nutrient stress response. We first examined the association of caffeine sensitivity with two 
key members of the Rpd3S histone deacetylase complex, EAF3 or RCO1, – singly or in 
combination with SET2. Unexpectedly, when either gene was deleted alone, neither eaf3Δ 
nor rco1Δ cells showed significant sensitivity to caffeine, though rco1Δ cells do exhibit a 
subtle slow growth phenotype (Supplemental Figure 1A). However, both eaf3Δ and rco1Δ 
double deletions with set2Δ nearly phenocopy the deletion of SET2, displaying slightly 
more robust growth than a deletion of SET2 alone (Supplemental Figure 1A). These data 
indicated that the Rpd3S complex alone does not mediate the cellular response to nutrient 
stress.
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We next expanded our search beyond Rpd3S to determine what other effector proteins are 
required for the nutrient stress response. Ioc4 of the Isw1b chromatin-remodeling complex 
(Smolle et al., 2012), and Pdp3, a member of the NuA3b histone acetyltransferase complex 
(Gilbert et al., 2014) both bind to H3K36me3 via a PWWP domain. Chd1 is a chromatin 
remodeler that does not directly associate with H3K36me, but functions in a parallel genetic 
pathway with Set2/H3K36me (Biswas et al., 2007; Park et al., 2014). Similar to the 
deletions of EAF3 and RCO1, single deletions of PDP3, IOC4, and CHD1 did not result in 
sensitivity to caffeine (Supplemental Figure 1B). The rco1Δ ioc4Δ double mutant strain 
showed a subtle sensitivity to caffeine, but it did not fully recapitulate the phenotype 
observed for set2Δ cells. However, the rco1Δ ioc4Δ pdp3Δ triple mutant strain, 
encompassing all three major effector protein complexes, did fully phenocopy a deletion of 
SET2 (Supplemental Figure 1B). Interestingly, the rco1Δ ioc4Δ chd1Δ mutant showed a 
more severe phenotype than the rco1Δ ioc4Δ pdp3Δ strain (Supplemental Figure 1B), 
supporting the notion that CHD1 functions in a parallel genetic pathway from SET2. 
Together, these data suggest that the combined actions of Rpd3S, Isw1b and NuA3b are 
required for nutrient stress response.
Nutrient and PKC Signaling Pathways Genetically Interact with SET2
Having established that Set2/H3K36me play a role during the caffeine and rapamycin stress 
response, we employed a genetic suppressor screen to define the genes and pathways that 
function with Set2 and H3K36 methylation in the nutrient response. We transformed set2Δ 
cells with a 2μ plasmid overexpression library of genomic fragments (Carlson and Botstein, 
1982) and exposed the cells to a concentration of caffeine (20 μM) at which set2Δ cells are 
normally inviable. Genes identified by this screen fell into one of three distinct pathways: 
the nutrient signaling pathway (Pho85 and Bmh1), the flocculation MAPK pathway (Sfl1), 
and the PKC signaling pathway (Lre1, Kkk1 and Slt2) (Figure 2A). Retransformation with 
the isolated plasmids successfully rescued viability (Figure 2B). To further validate the 
results of the suppression screen, we deleted each of these genes alone or together with 
SET2 and analyzed their genetic interactions on caffeine-containing plates. Genes recovered 
from all three major pathways in the screen displayed negative genetic interactions with 
SET2, thus further confirming that these pathways genetically interact with SET2 (Figure 
2C).
SET2 Genetically Interacts with TOR1 and TOR2
Although components of the TOR1 and TOR2 pathways demonstrated genetic interactions 
with SET2 in the suppressor screen above, neither kinase was identified in the screen (likely 
because the screen was not saturating). To specifically test whether TOR1 and TOR2 
genetically interact with SET2, we deleted SET2 together with either a deletion of TOR1 or 
a temperature sensitive mutant of TOR2, tor2-1, (TOR2 is essential in budding yeast) and 
plated these strains on caffeine and rapamycin. Consistent with our synthetic genetic 
interactions in Figure 2C, deletion of both tor1Δ and set2Δ produced a synthetic growth 
defect in the presence of either caffeine or rapamycin (Figure 3A). This growth defect was 
also observed with the tor2-1 set2Δ double mutant strain (Figure 3B). Notably, lower 
concentrations of caffeine and rapamycin were used for the analyses of tor1 and tor2 alleles, 
because these strains are extremely sensitive to rapamycin and caffeine; however, at the 
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concentrations used, set2Δ cells were below the threshold for observing a growth defect 
using either drug.
We next asked if we could rescue the sensitivity of set2Δ cells to caffeine and rapamycin by 
expressing a hyperactive allele of TOR1, TOR1L2134M (Takahara and Maeda, 2012). When 
expressed alone, this allele shows a subtle resistance to both caffeine and rapamycin (Figure 
3C and see (Takahara and Maeda, 2012)). Consistent with a role for Set2/H3K36me in the 
nutrient response pathway, we found that the TOR1L2134M allele was able to partially rescue 
the sensitivity of set2Δ cells to rapamycin, but not caffeine. This is consistent with 
rapamycin and caffeine having different modes of inhibition on the TOR1C (Reinke et al., 
2006).
Given the differential sensitivities of the SET2 deletion compared to the TOR1 and TOR2 
mutants, we next further verified that the sensitivity of set2Δ cells to rapamycin was 
occurring through TORC1 and not through an off-target effect of the drug. We combined a 
SET2 deletion with a deletion of FPR1, the key mediator of rapamycin inhibition that binds 
the drug and inhibits TORC1 kinase activity (Heitman et al., 1991). When plated on 
rapamycin, set2Δ fpr1Δ cells were not rapamycin sensitive, indicating that the decreased 
growth rate of set2Δ cells was due to inhibition of the TORC1 kinase (Supplemental Figure 
2).
Tor1 Activity is Aberrant in set2Δ Cells
Given that SET2 genetically interacts with both TOR1 and TOR2, we hypothesized that 
set2Δ cells would show significant disruptions in TORC1 and nutrient response signaling. 
We shifted WT and set2Δ cells from nutrient rich (YPD) medium to medium lacking amino 
acids (SD) and collected samples every 30–60 minutes over a 2-hour time period. We 
examined the protein and phosphorylation levels of Rps6, the Saccharomyces cerevisiae 
S6K homolog (Gonzalez et al., 2015), a key downstream target of TORC1. As shown in 
Figure 3D, the level of Rps6 was much lower in set2Δ cells compared with their isogenic 
WT counterparts, and, further, Rps6 had a drastically increased level of phosphorylation at 
the start of the time course, continuing through 30 minutes after nutrient stress. The 
increased phosphorylation of Rps6 in set2Δ cells was consistent with aberrant TORC1 
kinase signaling. These results show that Set2 is necessary for proper nutrient response 
signaling, which is consistent with our genetic analyses described above.
Set2 Loss Disrupts the Transcriptional Response to Nutrient Stress
Having established the importance of Set2 for a proper nutrient stress response, we analyzed 
transcriptional changes that accompany nutrient depletion in the presence and absence of 
Set2. Stranded RNA-seq was performed at four time points following nutrient depletion (0, 
30, 60, and 120 minutes). We identified 1,449 differentially expressed genes in WT cells 
over this time course (702 upregulated and 747 downregulated; Figure 4A, left panel; 
Supplemental Table 3). Suggestive of the rapidity of nutrient sensing and its transcriptional 
response, the majority of gene expression changes (891 genes, 61.5%) occurred between 0 
and 30 minutes. We then identified four clusters of differentially regulated genes based on 
variation in expression: genes that appeared to decrease in expression throughout the time 
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course, genes that achieved an expression nadir early and then recovered slightly, genes that 
decreased expression early and remained underexpressed, and genes that increased after 0 
minutes (top to bottom, respectively). We used gene ontology analysis to characterize the 
genes that compose each group (Figure 4B) and found that downregulated genes were 
associated with cell cycle regulation and rRNA/RNA processing. Indicative of a metabolic 
response to nutrient deprivation, upregulated genes were strongly associated with oxoacid 
and amine metabolism.
We then examined how Set2 loss affects the transcriptional response to nutrient depletion 
(Figure 4A, right panel). Examining the 1,499 nutrient stress-responsive genes in WT cells, 
we noted that the nutrient stress response appeared to have increased variance and was less 
defined. To explore this observation further, we identified the fraction of genes within each 
of the four regulatory clusters that no longer exhibited the expression characteristic of each 
group in set2Δ cells (black lines; Figure 4A, right panel). The group associated with the cell 
cycle had the highest fraction of genes no longer identified as differentially expressed in 
set2Δ cells (70.2%). The rRNA/RNA processing group showed the lowest fraction of non-
responsive genes in set2Δ cells (38.3%).
We then identified genes that demonstrated a transcriptional change associated with nutrient 
deprivation in the set2Δ cells, independent of our previous analyses in WT cells. Fewer 
genes were differentially regulated in the absence of Set2 relative to WT cells (943 total 
differentially expressed genes, with 523 upregulated and 420 downregulated genes) (Figure 
4C, Supplemental Table 3). Overall, genes in the up- and downregulated classes identified in 
the set2Δ cells were associated with similar gene ontologies when compared to those 
identified in WT cells. However, in set2Δ cells, an enrichment for cell cycle-associated 
genes was no longer observed. Of the 332 genes in the cell cycle enriched group in WT 
cells, only 29.8% demonstrated regulation in the absence of Set2 (Figure 4A, right panel). 
Although there were differences in gene expression between WT and set2Δ cells after 
nutrient depletion, random permutation among all expressed genes showed that a significant 
fraction of both up- and downregulated nutrient responsive genes were shared by WT and 
set2Δ cells (p < 0.001; Figure 4D). Taken together, these analyses suggests that Set2 
mediates a subset of the transcriptional responses to nutrient stress, for example cell cycle 
genes, whereas, regulation of rRNA/RNA processing genes is largely not dependent on Set2.
The above analyses reported on the overall gene responses after nutrient starvation; however, 
the analyses did not examine the precise dynamics of these responses. To specifically 
explore relative levels and temporal shifts in gene expression in the absence of Set2, we 
scaled the median expression of each time point between 0 and 1 for each differentially 
regulated gene in WT and set2Δ cells following nutrient starvation. For each gene, we then 
subtracted the scaled expression value of set2Δ from WT, meaning a gene with the same 
relative expression at a given time point in WT and set2Δ cells would have a score of zero 
(Figure 4E). Strikingly, despite being identified as similarly differentially expressed in both 
WT and set2Δ cells, the patterns and relative levels of expression of individual genes varied 
greatly, with the largest individual class demonstrating increased expression in the absence 
of Set2. Taken together, these data indicate that Set2 loss disrupts the transcriptional 
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response after nutrient depletion, affecting a wide range of genes by suppressing induction 
and altering the timing and magnitude of expression.
Nutrient Depletion Promotes Widespread Cryptic Transcription in the Absence of Set2
We next assessed the relationship between Set2 deficiency and nutrient depletion on aberrant 
transcription. The stranded RNA-seq data from 120 minutes post nutrient depletion revealed 
a subset of genes exhibiting an obvious, focal, intragenic signal increase exclusively in 
set2Δ, resulting in relatively higher 3′ signals (Figure 5A). Signal increases at the 3′ 
relative to the 5′ end were validated by qPCR for two genes and revealed a significant 
increase associated with time following nutrient depletion (Figure 5B). This pattern seemed 
suggestive of sense strand cryptic transcription, such that the location of signal change 
reflected cryptic initiation sites (CISs).
We then developed an approach to systematically identify all genes that could harbor a CIS. 
Because of the local signal variance observed in RNA-seq data, we modeled the signal as a 
queue-length process in an M(t)/G/∞ queue (Eick et al., 1993) based on a 50 bp read length 
and on the assumption that the starting positions for each read constitutes a non-
homogeneous Poisson process (see Supplemental Methods and Supplemental Figure 3). 
Briefly, we scored every base along genes for the probability of increased signal in the RNA 
from set2Δ cells that continued to the end of the gene, when compared with WT (mean 
square root loss difference, MSRLD).
Based on our hypothesis that cryptic initiation would necessitate alteration of a gene body 
nucleosome, we selectively analyzed genes that were greater than 700 bp (thus avoiding 2- 
and 3-nucleosome genes). Also, to avoid ambiguity in read mapping, we filtered genes with 
introns, overlapping genes, and genes on chromosome M, the mitochondrial chromosome 
(Supplementary Table 4). Finally, we required that genes were expressed (average 
normalized RNA-seq signal > 5) and demonstrated signal throughout the gene. We applied 
our model to identify genes containing this focal signal increase in set2Δ cells (compared 
with WT) at 30, 60, and 120 minutes following nutrient starvation. The mean square root 
loss difference (MSRLD) was calculated by our model for each gene, inferring an estimated 
magnitude of a CIS (high 4+, intermediate 2–4, low 0–2).
From approximately 3,400 genes that passed our filtering criteria, we identified 121 high 
scoring and 318 intermediate scoring genes following nutrient depletion (Figure 6A, 
Supplementary Table 5). High and intermediate CIS scores are likely to represent true 
cryptic transcription. The much larger group with a low CIS score may contain limited 
cryptic transcription, and as such, was used as a control for further analyses. Overall, the 
number of genes demonstrating a CIS increased during the course of nutrient deprivation. 
CISs occurred most often in genes greater than 1700 bp, consistent with the model that long 
genes would be more susceptible to CISs (Supplementary Figure 4A) (Li et al., 2007). CISs 
occurred primarily in the latter half of the genes (66.5% of high and intermediate genes with 
CIS), typically at positions within 40%–80% of the gene lengths (Supplementary Figure 
4B). Also, genes with a CIS showed a similar expression distribution compared with all 
expressed genes, indicating that expression levels were not artificially influencing the model 
(Supplementary Figure 4C).
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Cryptic Transcription is Associated with Antisense Transcription and Decreased RNA 
Abundance
The identification of CISs enabled us to evaluate transcription around these sites by 
comparing RNA-seq signal in high, intermediate, and low scoring genes throughout the time 
course in WT and set2Δ cells (Figure 6B). At sites of CIS detected based on sense 
transcription, we observed a striking increase in antisense transcription preceding the CISs at 
both high and intermediate scoring genes. Whereas increases in sense strand signals 
occurred mostly from 0 to 30 minutes, antisense signals increased throughout the time 
course.
To further characterize the antisense transcription, we determined how often relative 
increases in 5′ antisense signal occurred. Among high CIS scoring genes, 92 of the 121 
genes (76%) exhibited antisense transcription. We observed that antisense transcription 
largely persisted to the beginning of the gene, regardless of gene length (Figure 6C). Recent 
studies indicate that antisense transcription extending into the sense promoter of a gene can 
reduce sense transcription of the full-length gene (Huber et al., 2016). To test this 
association in nutrient stress-associated antisense transcription, we compared sense and all 
high and intermediate scoring genes between WT and set2Δ. We focused on the RNA-seq 
signal prior to the CIS, as this signal should reflect full-length message by avoiding reads 
originating from sense strand cryptic transcription. Significantly, 91% of high and 
intermediate magnitude genes displayed both decreased sense signal and increased antisense 
signal in set2Δ relative to WT (Figure 6D, full dataset set in Supplementary Figure 5A). This 
pattern was not observed in random genes (Supplementary Figure 5B). Together, these data 
suggest that long antisense transcripts originating from sites of cryptic transcriptional 
initiation decrease the sense transcription of their host genes, which likely contributes to, at 
least in part, the differential expression of genes in set2Δ cells following nutrient stress.
To explore our findings in relation to other studies that have assessed cryptic transcription, 
we analyzed a recently published stranded RNA-seq dataset that was used to reveal Set2-
repressed antisense transcripts (SRAT) (Venkatesh et al., 2016). Using our approach, we 
identified 22 sense cryptic transcripts (MSRLD ≥ 2). As these data were not obtained under 
conditions of nutrient depletion, our analysis further supports that Set2 loss leads to low-
level cryptic transcription (Figure 6E, Supplementary Fig 6A). We were reassured to find 
that genes with evidence of cryptic initiation using our approach matched those genes they 
showed had SRATs (Supplementary Figure 6B). We then compared MSRLD scores derived 
from our approach using their data with results from analysis of our CISs after nutrient 
depletion. We found that genes with a higher MSRLD in the Venkatesh et al. data 
demonstrated a high fractional overlap with genes that we identified to be associated with 
cryptic transcripts after nutrient stress. Higher MSRLD in the set2Δ data trended with the 
MSRLD in our data following nutrient deprivation (Figure 6E). In other words, analysis of 
this independent data set revealed an association with both the number and the degree of 
cryptic transcription detected in our data. Notably, antisense transcription at genes with 
cryptic transcription in the Venkatesh et al. data set was similar to those detected in our data 
in the absence of nutrient depletion (t = 0 min) (Supplementary Figure 6C and 6D). 
However, relatively few genes showed antisense signal originating at the CIS that continued 
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to the start of the gene in the Venkatesh et al. data set (Figure 6F). Taken together, these 
observations indicate that nutrient stress both establishes new cryptic transcripts and 
enhances cryptic transcription resulting from Set2 loss alone.
DISCUSSION
In this report, we provide compelling evidence that a critical function of Set2 is to enforce 
the transcriptional fidelity and regulation of genes that are rapidly activated or repressed 
during nutrient stress. In the absence of Set2/H3K36 methylation, we observed two 
significant defects in the transcriptome: 1) gene expression changes between WT and set2Δ 
cells, encompassing the suppression of gene induction and altering the timing and magnitude 
of nutrient response gene expression and 2) widespread bi-directional transcription within 
gene bodies that associated with down regulation of the genes. These findings agree with our 
genetic and biochemical analyses that show set2Δ cells are sensitive to drugs that impact the 
Tor1/2 and MAP kinase pathways and that set2Δ cells have defects in nutrient signaling. In 
addition, these results emphasize the physiological importance of suppressing cryptic 
transcripts by Set2, and, further, the results suggest that Set2-enforced transcriptional 
fidelity, both in terms of regulating absolute gene expression levels and by repressing 
intragenic cryptic transcription, may be a central theme to the proper regulation of rapidly 
induced transcription programs.
Unlike the distinctive transcriptional and phenotypic defects observed during nutrient stress, 
set2Δ cells do not show large transcriptional defects in rich growth medium (Lenstra et al., 
2011). One possible reason for the lack of defects under favorable conditions, and why 
dramatic changes are observed largely under stress conditions, may be due to the functional 
redundancy existing between many chromatin factors. It is likely that the loss of Set2 and 
downstream transcriptional fidelity is compensated for by the actions of other chromatin 
regulatory pathways, which, under non-stressed conditions, can preserve, to a great extent, 
the proper regulation of genes that maintain normal growth. However, cellular stresses that 
elicit a rapid transcriptional response may expose a chromatin “Achilles heel” that is not 
readily apparent in normal growth conditions. Thus, it may be that as chromatin undergoes 
significant structural changes to deal with a new transcriptional program, the regulatory 
machinery becomes displaced or reorganized leaving hyperacetylated and/or promoter-like 
elements in set2Δ cells exposed and susceptible to aberrant transcription initiation events.
Our studies employed strand-specific sequencing of ribosomally-depleted RNA to identify 
both sense and antisense cryptic transcription. By using this approach, however, we had to 
address several challenges to enable robust and reliable analyses. Notably, RNA-seq signal is 
dependent on many factors including sequencing and fragmentation bias, and RNA stability, 
all of which lead to local signal variances. Also, other analyses may identify transcripts de 
novo and compare them to annotated transcripts to identify novel and cryptic transcripts. 
However, sense cryptic transcripts initiate within previously annotated regions, thus making 
that method of cryptic transcript discovery unusable in our analyses. These challenges led to 
the generation of a new model for stranded analyses, which accounted for the above 
variables.
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One of the striking observations made from our RNA analyses is that sense cryptic 
transcription within gene bodies in set2Δ cells is almost always associated with bi-
directional transcription. Notably, we found that the majority of these antisense transcripts 
arise in genes that are not being actively induced, which is largely is achieved 30 minutes 
after stress. Interestingly, while sense cryptic transcripts appear robustly after 30 minutes of 
nutrient stress and remain relatively constant throughout the time course, antisense 
transcripts are not robustly observed until 60 minutes after nutrient stress, and increase 
further at 120 minutes after stress. Taken together, these results suggest that a broad number 
of genes (many being unrelated to nutrient response) are predisposed with the potential for 
cryptic transcription that Set2/H3K36me is suppressing. Without Set2/H3K36me, and under 
stress, these potential cryptic sites become activated and show a directionality that ultimately 
becomes lost over time. How these transcription events initiate and how bi-directional 
transcription is achieved will be interested to determine in future studies.
Mechanistically, cryptic transcripts that overlap the promoters of genes are likely to 
negatively impact the transcript levels of those genes (Huber et al., 2016). Here, we 
demonstrate that not only do set2Δ cells produce intragenic antisense transcripts, but also the 
abundance of the antisense transcripts increases over time during nutrient stress. Further, as 
most of these transcripts, once initiated, extend back to the canonical 5′ promoters of their 
host genes, conceivably such overlap would impact sense transcription levels where this 
overlap occurs. Critically, this phenomenon only seems to occur during nutrient stress. 
Analysis of set2Δ data sets from unstressed cells uncovered limited levels of antisense 
transcription, with very few of these transcripts extending to the promoter (Figure 6F). 
Further, our data suggest that during cellular stress, once CISs initiate, they impact the levels 
of sense transcription. One explanation for this transcriptional interference might be the 
inability of two RNAPII complexes to occupy the same space along the gene at the same 
time, and/or that there is a dominating polymerase that prevents the productive transcription 
elongation of the other overlapping polymerase. Further, it is possible, that, as the new CIS 
promoter becomes increasingly utilized over time, incorporation of H2A.Z and H3K4me 
will reflect the establishment of more canonical promoter environment within the gene body 
as opposed to the natural 5′ promoter. Future studies into the mechanism of Set2- dependent 
transcriptional interference are currently underway.
Finally, the function of Set2 and H3K36me in the nutrient response pathway and in 
regulating transcriptional fidelity is likely to be highly conserved across eukaryotes. For 
example, recent studies on SETD2, the human homolog of yeast Set2, reveal that its loss 
leads to widespread intragenic transcription defects (Grosso et al., 2015; Simon et al., 2014). 
In addition, TOR inhibitors combined with SETD2 knockdown is a lethal combination to 
leukemic cells (Zhu et al., 2014), suggesting that SETD2 and its role in enforcing 
transcriptional fidelity is likely conserved and important to the growth of cancer cells. As 
SETD2 is found mutated in a variety of cancers (McDaniel and Strahl, 2017), it will be of 
significant interest to determine the degree to which transcriptional fidelity regulated by 
SETD2/H3K36me3 contributes to its role in cancer development.
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EXPERIMENTAL PROCEDURES
Yeast Strains and Plasmids
Yeast strains were created using standard methods (Janke et al., 2004) employing PCR-
amplified cassettes with ~50 base pairs of homology to the genes of interest (Janke et al., 
2004). Yeast strains used in this study are listed in Supplemental Table 1. Plasmids used in 
this study are listed in Supplemental Table 2.
Spotting Assays
Strains were grown in YPD (1% yeast extract, 2% peptone, and 2% glucose) and diluted to 
an OD600 of 0.5 prior to spotting 5-fold serial dilutions on the indicated plates at 30° C for 
2–3 days.
H3K36 Methylation Analyses
Protein was isolated from 5×107 cells as previously described (Gilbert et al., 2014). Extracts 
were loaded onto 15% SDS-PAGE gels and transferred to PVDF. Membranes were 
incubated overnight with H3 C-term (EpiCypher), H3K36me1 (Abcam 9048), H3K36me2 
(Active Motif 39255), H3K36me3 (Abcam 9050), Set2 (in house), or G6PDH (Sigma 
A9521) antibodies. Membranes were then washed in TBS-Tween (50 mM Tris, 150 mM 
NaCl, and 0.5% Tween 20), incubated in secondary antibody (Jackson Labs) and then 
probed with ECL reagent (GE Healthcare).
Genome-wide Suppressor Screen
Three isolates of a high-copy number 2μ library of Sau3AI digested genomic fragments 
(Carlson and Botstein, 1982) were transformed into 1×108 set2Δ cells. Transformations were 
re-suspended in 1 ml of SC-Ura medium and plated onto 20 SC-Ura + 20 mM caffeine 
plates. Plasmids were recovered from the indicated yeast strains using Qiagen mini-prep 
columns and sequenced by Sanger sequencing using one of two primers flanking the site of 
insertion: pBR-1: CACTATCGACTACGCGATCA or pBR-2: 
CGATGCGTCCGGCGTAGA.
Phospho-Protein Analysis
WT or set2Δ cells were grown overnight in YPD and diluted to an OD600 of 0.2 and grown 
to an OD600 of ~1.0. Upon reaching log phase, cells were washed twice with water and 
resuspended in SD media. Ten ODs of cells were collected at each time point and protein 
was isolated via TCA extraction as previously described (Fillingham et al., 2008). Extracts 
were then loaded onto 10% SDS-PAGE gels and transferred to PVDF membrane. 
Membranes were incubated overnight with the following antibodies: Rps6 (Abcam 
ab40820), ph-S6K (Cell Signaling 2211S), Set2 (in house), and G6PDH (Sigma A9521). 
Membranes were then washed in TBS-Tween (50 mM Tris, 150 mM NaCl, and 0.5% Tween 
20), incubated in secondary antibody (Jackson Labs), and probed with SuperSignal West 
Fempto Maximum Sensitivity Substrate (ThermoFisher). Two biological replicates were 
quantified using ImageJ and the changes in ph-Rps6 signal were averaged.
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RNA-seq Library Preparation and Sequencing
WT and set2Δ cells were grown overnight in YPD and diluted to an OD600 of 0.2 and grown 
to an OD600 of ~1.0. Upon reaching log phase, cells were isolated and washed twice with 
water and resuspended in SD medium (Cheung et al., 2008). 1×108 cells were isolated at 
each time point and RNA was isolated by acid phenol extraction. 10 μg of RNA was treated 
with DNase (Promega) and purified (RNeasy column, Qiagen). 2.5–5 μg of RNA was then 
processed using yeast-specific rRNA depletion beads (Illumina). Strand-specific barcoded 
sequencing libraries were then prepared (TruSeq Stranded Total RNA library preparation kit, 
Illumina). Libraries were pooled and sequenced across two lanes (Hi-Seq 2500, Illumina).
Sequencing Alignment and Analysis
FASTQ files were filtered for adapters using TagDust (v1.12) (Lassmann et al., 2009), then 
aligned to the sacCer3 genome using Bowtie (v1.1.2) (Langmead et al., 2009). For the 
stranded RNA-seq, Bowtie options included -m 1, --seed=123.456, --nomaqround, and --
best. Samtools (v1.3.1) (Li et al., 2009) and bedtools (v2.25.0) (Quinlan and Hall, 2010) 
were used to sort files and filter for properly mapped/paired reads, as well as generate 
signal-based wiggle files. To remove potential PCR artifacts, duplicate reads were removed 
from the RNA-seq data. However, only two identical reads were allowed for the RNA-seq. R 
(v3.1.1) (Team, 2014) was used for downstream analyses and generating line plots. 
Specifically, the R package ‘Vennerable’ (v3.0) (Haibe-Kains et al., 2013) was used to make 
weighted Venn diagrams.
Reads per kilobase per million mapped reads (RPKMs) were calculated for each gene in 
each sample, and R package ‘DESeq2’ (v1.6.3) (Love et al., 2014) was used to identify 
differentially expressed genes. Genes with a p-value < 0.05, a minimum of log2(Fold 
Change) > 1 (as defined by DESeq2), and an average RPKM > 1 were considered 
differentially expressed. In WT cells, the 0 minute time point had four biological replicates, 
whereas 30, 60, and 120 minute time points had three biological replicates. In set2Δ cells, 
the 0 minute time point had two replicates, whereas the 30, 60, and 120 minute time points 
had 3 replicates. Differentially expressed nutrient stress response gene groups were 
identified as the union set of all differentially expressed genes from all possible pairwise 
comparisons between time point within WT or set2Δ treatments. Heatmaps were generated 
using Morpheus (Broad Institute). DAVID (v6.7) (Huang da et al., 2009b) (Huang da et al., 
2009a) was used to generate gene ontologies.
RNA extraction and Real time PCR
RNA was extracted using acid phenol method from yeast cells that were collected after 
different time points of nutrient shift as described above. 10 μg of RNA was treated with 
DNase (Promega) and purified (RNeasy column, Qiagen). 1 μg of total RNA was used to 
generate cDNA using superscript reverse transcriptase (First strand cDNA synthesis system, 
Thermo Scientific). cDNA was diluted 1:25 and subjected to quantitative real-time PCR 
(qRT-PCR) using SYBR green reagent (Biorad) using manufacturer’s instructions. The 
relative quantities of the transcript were calculated using ΔΔCt method (Livak et al., 2013). 
Data presented are the mean and the standard deviations of three independent experiments.
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Detecting Sense Cryptic Transcription
Due to local signal variance observed in RNA-seq data, we modeled the signal as a queue-
length process in an M(t)/G/∞ queue (Eick et al., 1993) based on a 50 bp read length and on 
the assumption that the starting positions for each read constitute a non-homogeneous 
Poisson process. We also assumed that at each gene position, the signal of set2Δ genes are a 
mixture of full length mRNAs and cryptic initiated mRNAs starting at a single position. 
Based on these assumptions, we determined the CIS position by minimizing mean square 
root loss (MSRL) between the predicted set2Δ signal and observed set2Δ signal. The mean 
square root loss difference (MSRLD) was calculated for each gene as to infer the estimated 
magnitude of a CIS (high 4+, intermediate 2–4, low 0–2). The same method was applied for 
all genes across all time course (for complete model description, see Supplemental 
Methods). The model algorithm can be found at: http://github.com/jiehuang2000/
cryp_init_caller.
Supplementary Material
Refer to Web version on PubMed Central for supplementary material.
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HIGHLIGHTS
• Set2 is required for the proper function of and genetically interacts with 
TORC1/2
• Set2/H3K36me loss impairs nutrient stress response signaling and 
transcription
• Without Set2, nutrient stress results in bi-directional intragenic transcription
• Antisense transcripts arising after nutrient stress cause transcriptional 
interference
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Figure 1. Cells lacking H3K36 methylation are sensitive to caffeine and rapamycin
A. – C. Five-fold serial dilutions of the indicated strains were plated on SC plates or plates 
containing caffeine (7–10 mM) or rapamycin (8–12.5 nM). D. Immunoblots of the indicated 
strains were probed with different H3K36me antibodies. H3 and G6PDH served as loading 
controls. The genetic background for the histone mutant strain is W303 and the background 
for the SET2 allele analysis is BY4742.
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Figure 2. Nutrient response and PKC signaling pathways genetically interact with SET2
A. A genome-wide high copy suppressor screen revealed three pathways that suppressed the 
lethality of set2Δ cells on a high concentration of caffeine (20 mM). B. Five-fold serial 
dilutions of the indicated strains were plated on control or 20 mM caffeine plates. C. Five-
fold serial dilutions of the indicated strains were plated on control or 5–10 mM caffeine 
plates.
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Figure 3. Set2 is required for proper nutrient stress response signaling
A.–B. Five-fold serial dilutions of the indicated strains were plated on control, caffeine (5 
mM) and rapamycin (8 nM) plates. Given the extreme sensitivity of the tor1 and tor2 alleles 
to caffeine and rapamycin, lower concentrations of these drugs were used to examine 
synthetic interactions; however, these concentrations were just under that needed to observe 
growth defects in set2Δ cells. C. Five-fold serial dilutions of the indicated strains were 
plated on control, caffeine (5 mM), and rapamycin (30 ng/ml) plates. D. Log phase cells 
were transferred from a nutrient rich medium (YPD) to a medium lacking amino acids (SD). 
1×108 cells were isolated at the indicated times and submitted to immunoblot with the 
indicated antibodies. G6PDH served as a loading control. An average of the change in ph-
Rps6 levels in two biological replicates is quantified below.
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Figure 4. Set2 loss disrupts the transcriptional response to nutrient stress
A. (Left) Heat map showing relative WT RPKM values across biological replicates for 1,499 
differentially expressed genes after nutrient depletion in WT cells. A. (Right) Heat map 
displaying relative set2Δ RPKM values for the same 1,499 differentially expressed genes 
identified in WT cells after nutrient depletion (p < 0.5 and log2 fold change > 0.5). Black 
lines to the right mark genes that no longer met statistical threshold for differential 
expression in set2Δ cells after nutrient depletion. The horizontal bar-plot identifies groups of 
differentially regulated of genes, displaying the percentage of genes in each group that were 
no longer differentially expressed in set2Δ cells. B. The three gene ontology classes with the 
greatest significance for groups identified in (A). The ontology bar colors match the gene 
groups defined in panel (A). C. Heatmap showing relative set2Δ RPKM values for the 
identified 943 differentially expressed genes in set2Δ cells. D. Venn diagrams comparing the 
identified up- and downregulated genes in WT and set2Δ cells. E. (Left) Heatmaps 
displaying scaled median RPKM values across the time course within each treatment, for 
genes identified as differentially expressed in both WT and set2Δ cells E. (Right) Heatmap 
showing subtracted scaled values (WT – set2Δ) for each gene identified as differentially 
expressed in both WT and set2Δ cells.
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Figure 5. Nutrient depletion leads to sense cryptic initiation in the absence of Set2
A. Stranded RNA-seq signal for two representative genes (LCB5 and AVO1) that 
demonstrate sense cryptic transcription in set2Δ (black: WT read depth normalized RNA-seq 
signal, red: set2Δ read depth normalized RNA-seq signal). The light shading represents 
standard deviation across replicates. The blue/yellow gradient represents the calculated mean 
square root loss (MSRL) for each gene. The CIS position is identified by the global MSRL 
minima. Mean square root loss difference (MSRLD) is the difference between the maximum 
and minimum MRSL for each gene. MSRLD score related to the magnitude and likelihood 
of CIS: MSRLD ≥ 4 (high), 2 ≤ MSRLD < 4 (intermediate), and MSRLD < 2 (low). B. 
Quantitative PCR signal for two representative genes (LCB5 and AVO1) across the nutrient 
deprivation time course. Amplicons were located at the 5′ and 3′ ends of the genes. Fold 
change indicates qPCR signal relative to SCR1 (WT black, set2Δ red).
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Figure 6. Nutrient depletion in the absence of Set2 leads to sense and antisense transcription 
affecting the expression of genes
A. Venn diagram associating the high (121 genes, blue) and intermediate (318 genes, red) 
scoring CISs during nutrient deprivation. B. Read depth normalized sense and antisense 
RNA-seq signal ±1 kb from the identified CISs with high (blue), intermediate (red) or low 
(black) scores in WT and set2Δ cells. To remove the effects of overall gene expression 
differences for each set, the minimum value for each line was adjusted to zero (y-axis). This 
correction enables a comparison of the magnitude of cryptic transcription between the three 
groups. The lighter colors represent standard deviations for each line. C. Heatmap of 
antisense RNA-seq signal (black). Of the 121 genes containing high scoring CISs, 92 (76%) 
had antisense transcription (average antisense signal 5′ of CIS > average antisense signal 3′ 
of CIS). Regions outside of the gene are masked (yellow) and ordered based on distance 
from CIS to the start of the gene. D. Density scatterplot of the median centered antisense and 
sense signal differences (set2Δ - WT) 5′ of the 439 identified CISs. For the sake of 
visualization, outlying points were not plotted (full dataset in Supplementary Figure 5A). E. 
Comparison of MSRLD based on data from Venkatesh, S. et al. 2016 and CIS scores for 
McDaniel et al. Page 23
Cell Rep. Author manuscript; available in PMC 2017 July 26.
A
uthor M
an
u
script
A
uthor M
an
u
script
A
uthor M
an
u
script
A
uthor M
an
u
script
genes from this study. Each column represents the number of genes identified from the 
Venkatesh data that are within the listed MSRLD range. The colors of in each column 
indicate the fractional overlap of genes from Venkatesh et al. 2016 and the CIS scores of 
genes identified in this study after nutrient depletion (high CIS (dark blue), intermediate CIS 
(light blue), low CIS (light green) and genes that are excluded from this study (light 
yellow)). The leftmost bar (marked as “NA”) represents genes that are excluded from the 
algorithm for reasons listed in the Supplemental Methods. F. Antisense RNA-seq signal 
(black) for the 22 genes that have MSRLD ≥ 2 based on data from Venkatesh, S. et al. 2016. 
Regions outside of the gene are masked (yellow) and ordered based on distance from CIS to 
the start of the gene.
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